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optimizing their removal. To address this challenge, we designed a study to identify the drivers of
micropollutant removal in WWTPs. We calculated the removal efficiency of micropollutants across the
activated sludge process of full-scale wastewater treatment plants from literature-reported data. Our final
dataset consisted of 529 independent observations for 84 micropollutants along with a set of associated
activated sludge process parameters. We used the Eawag pathway prediction system to predict initial
biotransformations for each of the 84 micropollutants and hierarchical clustering to group chemicals based
on similarities in their predicted initial sets of biotransformations. We then applied stability selection to
generate well-performing models that can be interpreted to uncover the key factors contributing to the
range of removal efficiencies calculated for each cluster of micropollutants. The key factors considered
in stability selection included six physicochemical properties of the micropollutants and six activated
sludge process parameters. The sludge-water partitioning coefficient, molecular weight, solids retention
time, influent micropollutant concentration, and dissolved oxygen levels were consistently identified as
key factors of micropollutant removal for clusters of micropollutants that undergo certain types of initial
biotransformations. Our findings highlight the importance of considering initial biotransformations when
evaluating micropollutant removal and identify important process parameters that determine the fate of
micropollutants during activated sludge treatment.
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The lack of fundamental insights on the fate of micropollutants during conventional activated 19 
sludge treatment in wastewater treatment plants (WWTPs) presents one of the biggest challenges 20 
in optimizing their removal. To address this challenge, we designed a study to identify the 21 
drivers of micropollutant removal in WWTPs. We calculated the removal efficiency of 22 
micropollutants across the activated sludge process of full-scale wastewater treatment plants 23 
from literature-reported data. Our final dataset consisted of 529 independent observations for 84 24 
micropollutants along with a set of associated activated sludge process parameters. We used the 25 
Eawag Pathway Prediction System to predict initial biotransformations for each of the 84 26 
micropollutants and hierarchical clustering to group chemicals based on similarities in their 27 
predicted initial sets of biotransformations. We then applied stability selection to generate well-28 
performing models that can be interpreted to uncover the key factors contributing to the range of 29 
removal efficiencies calculated for each cluster of micropollutants. The key factors considered in 30 
stability selection included six physicochemical properties and six activated sludge process 31 
parameters. The sludge-water partitioning coefficient, molecular weight, solids retention time, 32 
influent micropollutant concentration, and dissolved oxygen levels were consistently identified 33 
as key factors of micropollutant removal for clusters of micropollutants that undergo certain 34 
types of initial biotransformations. Our findings highlight the importance of considering initial 35 
biotransformations when evaluating micropollutant removal and identify important process 36 
parameters that determine the fate of micropollutants during activated sludge treatment.37 
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1. Introduction 38 
Effluent from conventional wastewater treatment plants (WWTPs) is a major source of 39 
micropollutants in the aquatic environment.1–3 As WWTPs are final treatment steps prior to the 40 
release of micropollutants into the environment,4 a better understanding of how process 41 
parameters impact the fate of micropollutants during wastewater treatment is critical. Individual 42 
WWTPs remove diverse types of micropollutants to varying extents, and individual 43 
micropollutants are removed to varying extents among different WWTPs.5 This variability is 44 
often attributed to the physicochemical properties of the micropollutants and variability in 45 
process parameters.6,7 However, a general consensus on the main drivers of micropollutant 46 
removal during wastewater treatment is lacking,8,9 which could be because the critical parameter 47 
is unknown or because a single parameter is unable to explain the removal of structurally 48 
different micropollutants.10 Some suggest that accurate prediction of micropollutant removal in 49 
WWTPs may not be possible.11,12 50 
We suspect that there are two main reasons that no general consensus has emerged on the 51 
main drivers of micropollutant removal during wastewater treatment. First, much of the previous 52 
literature exploring the parameters that influence micropollutant removal in WWTPs is based on 53 
data that aggregates measurements collected from different processes.1,3,11,13–16 However, 54 
micropollutant removal mechanisms vary significantly among treatment processes within a 55 
WWTP. For example, adsorption to solids or volatilization are expected to be the dominant 56 
removal mechanism during primary treatment, whereas a combination of biotransformation and 57 
adsorption to activated sludge flocs are the dominant removal mechanisms during secondary 58 
treatment.17 We hypothesize that accurate and robust predictions of micropollutant removal 59 
during wastewater treatment can be achieved only by isolating specific removal mechanisms and 60 
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exploring them independently. Second, previous studies that explore the parameters that 61 
influence micropollutant biotransformation in WWTPs9,18 have focused on micropollutants that 62 
likely undergo very different enzyme-catalyzed biotransformations during wastewater 63 
treatment.19,20 The performance of predictive models developed in these studies has been 64 
relatively poor, with one recently reported model accounting for only 17% of the observed 65 
variability in the micropollutant removal data.9 We surmise that the poor performance of 66 
previously reported models is the result of aggregating micropollutants with disparate chemical 67 
structures that most likely undergo very different biotransformations during wastewater 68 
treatment. We therefore hypothesize that accurate and robust predictions of micropollutant 69 
removal during wastewater treatment can be achieved only for groups of micropollutants that 70 
undergo the same types of enzyme-catalyzed biotransformations, as has also been suggested by 71 
some recent experimental work.21,22  72 
The lack of fundamental insights on the fate of micropollutants in WWTPs presents one 73 
of the biggest challenges in optimizing their removal during wastewater treatment. To address 74 
this challenge and to test our hypotheses, we designed a study that aimed to identify the drivers 75 
of micropollutant removal in WWTPs. We focused our study on biotransformations during 76 
activated sludge treatment as a means to isolate a single, but major, micropollutant removal 77 
mechanism (i.e., biotransformations). We then developed a novel approach to identify the drivers 78 
of micropollutant removal within groups of micropollutants that undergo the same types of 79 
enzyme-catalyzed biotransformations. We first collected a comprehensive set of literature-80 
reported data on micropollutant removal in conventional activated sludge systems. We then used 81 
the Eawag Pathway Prediction System (Eawag-PPS) to predict initial biotransformations for 82 
each of the micropollutants in the dataset. We used hierarchical clustering to aggregate 83 
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micropollutants based on similarities in their putative initial biotransformation profiles. We 84 
finally performed a multivariable analysis to identify the physicochemical properties or process 85 
parameters that determine the variable extents of removal among the micropollutants contained 86 
within the resulting micropollutant clusters. Our findings validate our hypotheses and allow us to 87 
identify a set of physicochemical properties and process parameters that accurately and robustly 88 
predict the removal of certain groups of micropollutants during wastewater treatment.  89 
2. METHODS 90 
2.1 Literature review and data collection 91 
We performed a literature review to identify studies that report measured concentrations of 92 
micropollutants in samples collected from the influent and effluent of conventional activated 93 
sludge systems. To be as comprehensive as possible, we first identified all review papers that 94 
were returned on a Web of Science search using the search terms: "micropollutant*" OR 95 
"emerging contaminant*" OR "pharmaceuticals" OR "pharmaceuticals and personal care 96 
products") AND ("removal" OR "elimination") AND (“activated sludge” OR “conventional 97 
activated sludge*”) AND ("wastewater treatment plant*" OR “sewage treatment plant*”). We 98 
reviewed approximately 400 manuscripts that were identified in this search and collected data 99 
from the 37 manuscripts that reported dissolved micropollutant concentrations, removal 100 
efficiencies, or biodegradation rate constants from data collected exclusively at the influent to the 101 
activated sludge process (i.e., the effluent of the primary clarifier) and the effluent of the 102 
secondary clarifier along with associated process parameters. We limited the data collection to 103 
these 37 studies as a means to isolate the removal processes occurring during activated sludge 104 
treatment and to eliminate, to the extent possible, variability in calculated removal efficiencies 105 
resulting from variable concentrations, variable flow, and complicated mixing patterns23,24 that 106 
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can be equalized during primary clarification.25 The sampling schemes implemented in the 37 107 
studies included a mixture of 24-hour composite sampling and grab sampling, though several 108 
studies lacked sufficient detail to fully characterize the sampling scheme.  To generate a self-109 
consistent dataset, we converted reported micropollutant concentrations to removal efficiency 110 




×100 Equation 1 
where 𝑅%  is the micropollutant removal efficiency and 𝐶!"#  and 𝐶!"" are the influent and 112 
effluent concentration [µg·L-1]. Micropollutants with reported influent concentrations that were 113 
below the limit of quantification (LOQ) were discarded. Micropollutants with effluent 114 
concentrations that were below the LOQ were assigned values equal to half the reported LOQ to 115 
be consistent with how R% was calculated in the majority of the studies that reported R%.26 116 
Reported biodegradation rate constants were converted to R% by using Equation 2 as previously 117 
described.4,7 118 
𝑅% = 1− 𝑒!!!"#×!"##×!"# ×100  Equation 2 
where 𝑘!"# is the reported second-order rate constant [L·g
-1
·hr-1], 𝑀𝐿𝑆𝑆 is the reported mixed 119 
liquor suspended solids concentration [g·L-1], and 𝐻𝑅𝑇 is the reported hydraulic retention time 120 
[hr]. Data from studies that reported 𝑘!"#  but did not report 𝑀𝐿𝑆𝑆 or 𝐻𝑅𝑇 were discarded. 121 
Citations to the 37 manuscripts are provided in Table S1 of the Electronic Supplementary 122 
Information (ESI). The parameters collected as associated process metadata are summarized in 123 
Table S2 of the ESI. 124 
Six physicochemical properties for each micropollutant that may be important for 125 
influencing biotransformation were also recorded. We used EPISUITE and the Open Chemistry 126 
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Database from the National Institutes of Health to obtain experimental (preferred) or estimated 127 
values for the octanol-water partitioning coefficient (Kow), water solubility (S), and Henry’s Law 128 
constant (HLC). The Marvin software was used to record the overall charge of each 129 
micropollutant at pH 7 (charge); neutral micropollutants were assigned an overall charge of 130 
zero.27 We collected activated sludge-water distribution coefficients (Kd) for each micropollutant 131 
from the literature. If Kd values were not identified in the literature, we estimated Kd values from 132 
the organic carbon-water partition coefficient (Koc) using a constant value of 0.37 for the organic 133 
carbon fraction of activated sludge (foc).
28,29 Experimental (preferred) or estimated values for Koc 134 
were obtained from EPISUITE. Finally, molecular weight (MW) was included as a metric of 135 
molecule size.  136 
2.2 Data Filtering to Generate Final Dataset for Analysis 137 
Our complete dataset contains 1,076 entries related to 169 micropollutants. It is not uncommon 138 
to encounter negative values for R% in the literature,7,30,31 a phenomenon often attributed to 139 
poorly designed sampling strategies,32 desorption of micropollutants from fecal particles or 140 
return activated sludge,33 or deconjugation of metabolites during activated sludge treatment.33,34 141 
Because we could not disentangle these processes, we excluded all entries with negative R% 142 
values, which reduced our dataset to 781 entries related to 155 micropollutants. Also, because we 143 
are primarily interested in identifying the physicochemical properties or process parameters that 144 
influence biotransformation of micropollutants in activated sludge processes, we restricted our 145 
analysis to only those micropollutants with a reported or estimated Kd value of less than 146 
500 L·kg-1. Micropollutants with Kd values greater than 500 L·kg
-1 would be removed by a 147 
combination of biotransformation and adsorption to sludge, making it difficult to isolate the 148 
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factors influencing biotransformation.35–37 The final database contains 529 entries related to 84 149 
micropollutants. 150 
2.3 Data processing – multiple imputation 151 
Our dataset contains a significant amount of missing values because each study reported a 152 
varying number of process parameters. To address this issue, multiple imputation was employed 153 
with the MICE package in R using the predicted mean matching imputation method to fill in 154 
missing values as previously described.38,39 Values were imputed using a regression between the 155 
process parameters and R% plus a random term drawn from the regression residuals,40,41 an 156 
approach that accounts for uncertainty in the imputation and provides valid variance estimates.42–157 
44 We conservatively applied multiple imputation to generate ten complete datasets that contain 158 
plausible values for each of the missing values for process parameters that contained less than 60% 159 
missing values, a threshold that was established using previously described criteria.38  160 
2.4 Data processing – hierarchical clustering 161 
One hypothesis of this study is that the R% of micropollutants that undergo the same initial 162 
biotransformations can be predicted by a single set of physicochemical and process parameters. 163 
To test this hypothesis, we first predicted the initial biotransformations for each of the 84 164 
micropollutants using the Eawag pathway prediction system (Eawag-PPS). The Eawag-PPS uses 165 
a set of biotransformation rules (btrules) based on fragment recognition to predict plausible 166 
biotransformations for organic chemicals.45 We predicted initial biotransformations in four ways: 167 
(1) relative reasoning, neutral likelihood cutoff; (2) no relative reasoning, neutral likelihood 168 
cutoff; (3) relative reasoning, likely likelihood cutoff; and (4) no relative reasoning, likely 169 
likelihood cutoff. Relative reasoning allows certain biotransformations to have priority over 170 
others based on experimental observations; likelihood cutoffs consider the likelihood of a 171 
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particular biotransformation based on expert knowledge.46  We built matrices containing the 172 
number of times each micropollutant triggered a given btrule as an initial biotransformation step. 173 
We then used hierarchical clustering to identify groups of micropollutants that undergo similar 174 
sets of predicted initial biotransformations. Micropollutant clusters were determined by 175 
hierarchical clustering with the hclust function in R, using Ward’s agglomeration method and 176 
Euclidean distance matrices.47  177 
2.5 Generalized additive modelling and stepwise regression  178 
The final dataset for multivariable modelling contained R% as a response variable along with six 179 
physicochemical properties (molecular weight, MW, solubility, S, octanol-water partitioning 180 
coefficient, Kow,  Kd, charge, and HLC) and six process parameters (population served, P; flow 181 
rate, Q; hydraulic retention time, HRT; solids retention time, SRT; micropollutant concentration 182 
in the influent, Cinf; and nitrification/denitrification,  NDN; see Table S2 for definitions and units) 183 
for which there was sufficient data for multiple imputation as predictor variables. Prior to 184 
analysis, all of the predictor variables (except charge) were log transformed to increase the 185 
linearity of the response and to transform the data to an approximately normal distribution.9 A 186 
generalized additive model (GAM) was used to develop shape functions for each predictor 187 
variable (as derived from the quantitative relationships) as shown in Figure S1, which generated 188 
a multivariable model provided as Equation 3; predictor variables that exhibit monotonic shape 189 
functions are included in Equation 3 as linear additive terms whereas predictor variables that 190 
exhibit non-monotonic shape functions are included in Equation 3 as non-linear additive terms. 191 
Equation 3 was then used with stepwise regression38 to evaluate the prediction of R% on: (1) the 192 
complete dataset; (2) a set of individual micropollutants defined as “seed” micropollutants; and 193 
(3) on micropollutant clusters identified by means of hierarchical clustering.  194 
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2.6 Stability selection to identify important predictors 195 
We next aimed to generate well-performing models to describe the variability in the response 196 
variables contained within each micropollutant cluster as a means to identify the key 197 
physicochemical or process parameters that determine their removal during activated sludge 198 
treatment. We implemented a stability selection approach that combines stepwise regression with 199 
bootstrap subsampling to generate robust model scenarios as has been previously described.38,48 200 
Briefly, we used bootstrap resampling with replacement to generate 1,000 datasets for each of 201 
the ten imputed datasets for each micropollutant cluster. The sample size for bootstrap 202 
resampling was selected to be equal to the original population size of the data for each 203 
micropollutant cluster.49–51 We then implemented stepwise regression to identify models that 204 
generate the highest accuracy while incorporating the fewest number of predictor variables. We 205 
applied stepwise regression to each of the bootstrapped datasets to evaluate how frequently each 206 
of the predictor variables was selected into well-performing models. We defined well-performing 207 
stepwise regression models as those that performed as well as or better than the GAM model as 208 
measured by adjusted R2 values. We used the frequency that each predictor variable was selected 209 
into well-performing models as a metric of how generally important that predictor variable is in 210 
determining R%.48 A variance inflation factor (VIF) was applied to evaluate predictor 211 
collinearity, and predictors with a VIF value larger than 10 were excluded from the analysis.52 212 
We constructed multilinear models using the final set of predictors for each cluster for each of 213 
11 
 
the 10,000 bootstrapped subsamples and recorded the averaged adjusted R2 as a metric of model 214 
performance. We constructed GAM shape functions using the final set of predictors for each 215 
cluster for all of the imputed datasets to evaluate the contribution of each predictor to R%.   216 
3. RESULTS AND DISCUSSION 217 
3.1 Analysis of complete dataset 218 
The final dataset contains 529 independent values of R% for 84 micropollutants whose 219 
removal in activated sludge processes is expected to be dominated by biotransformation. To the 220 
best of our knowledge, this is the only dataset that has been compiled with a focus on 221 
micropollutant biotransformations occurring exclusively in conventional activated sludge 222 
processes. Boxplots summarizing R% for each of the micropollutants with more than four 223 
independent observations are provided in Figure 1. In general, the data in Figure 1 confirms our 224 
expectation that individual micropollutants are removed to varying extents among different 225 
WWTPs. We note that the R% values for some of the poorly removed micropollutants (e.g., 226 
carbamazepine) may be skewed due to the exclusion of all data entries with negative R% values. 227 
We also performed a GAM and stepwise regression on R% as a response variable with six 228 
physicochemical properties and six process parameters as predictor variables for each of the ten 229 
imputed datasets. The analysis resulted in adjusted R2 values between 0.15 and 0.19 among the 230 
ten imputed datasets, and the results of this analysis for the imputed dataset that yielded the 231 
highest adjusted R2 value are presented in Figure 2. 232 
The data presented in Figure 1 and the results presented in Figure 2 lead to two 233 
important insights. First, the reported R% values of the 84 micropollutants are highly variable; 234 
this variability reflects differences among the micropollutants and differences for individual 235 
micropollutants that we expect to be explained by a common set of predictors. Second, similar to 236 
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previous studies,9,18 our GAM and stepwise regression perform poorly with respect to explaining 237 
the observed variability in R% values among all micropollutants. This is not an unexpected result; 238 
because micropollutants are biotransformed in activated sludge processes in different ways, we 239 
do not expect that a single set of physicochemical properties and process parameters will be 240 
sufficient to predict R% for all micropollutants. Rather, we expect that only micropollutants that 241 
undergo the same types of enzyme-catalyzed biotransformations will have R% values that can be 242 
explained by a common set of predictors.   243 
3.2 Clustering micropollutants based on predicted biotransformations 244 
Because our database has isolated a set of micropollutants whose removal in activated 245 
sludge processes is expected to be dominated by biotransformation, we clustered micropollutants 246 
together based on their potential to undergo similar sets of initial biotransformations. We used 247 
four prediction scenarios in the Eawag-PPS and hierarchical clustering to generate four 248 
dendrograms that cluster micropollutants together based on different assumptions about their 249 
biotransformations. For example, prediction method (2) yields a matrix of all possible predicted 250 
aerobic biotransformations for each micropollutant (i.e., no relative reasoning, neutral likelihood) 251 
and, as a consequence, clusters micropollutants based on overall structural similarity. Conversely, 252 
prediction method (3) yields a matrix of only likely aerobic biotransformations, and may exclude 253 
some predictions based on the presence of another, particularly labile functional group; the 254 
resulting clusters are expected to comprise groups of micropollutants that all contain a single, 255 
particularly labile functional group. The dendrogram resulting from prediction method (1) is 256 
provided in Figure 3 and dendrograms resulting from the other prediction methods are provided 257 
in Figures S2-S4. To evaluate the four prediction methods and to identify the dendrogram that 258 
yields the most plausible micropollutant clusters, we examined each dendrogram in the context 259 
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of known micropollutant biotransformations that have been observed in full-scale WWTPs or in 260 
bioreactors seeded with wastewater microbial communities. We identified literature reported 261 
biotransformation pathways for 15 of the 84 micropollutants in our database; the reported 262 
biotransformation products and the corresponding btrules for each micropollutant are provided in 263 
Table S3. Prediction methods (3) and (4) both relied on the likely likelihood cutoff. This 264 
stringent criterion resulted in a number of micropollutants with no predicted biotransformations 265 
(see Figure S3 and S4). Consequently, the dendrograms resulting from these prediction methods 266 
are dominated by large clusters of micropollutants with no predicted biotransformations and do 267 
not provide meaningful micropollutant clusters. Prediction methods (1) and (2) rely on the 268 
neutral likelihood cutoff, and explore the effects of relative reasoning on micropollutant clusters. 269 
Although the dendrograms resulting from both prediction methods yield plausible clusters of 270 
micropollutants, Table S3 confirms that prediction method (1) generates more micropollutant 271 
clusters that contain micropollutants that undergo the same known biotransformation during 272 
activated sludge treatment. For example, prediction method (1) generates a micropollutant 273 
cluster that contains SMX-acetate and acetaminophen, two micropollutants that undergo amide 274 
hydrolysis during activated sludge treatment.53,54 Additionally, the micropollutants contained in 275 
clusters generated from prediction method (1) are generally more closely related than those 276 
resulting from prediction method (2); this is evidenced by the height of the clusters which is 277 
reflected in the y-axis values of the dendrogram. For these reasons, we selected prediction 278 
method (1) to support our downstream analyses.      279 
3.3 Evaluating R% values among individual seed micropollutants 280 
We previously developed and validated a multivariable framework to identify the drivers 281 
of aerobic biodegradation in soil systems for individual micropollutants.38 This approach relied 282 
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on at least 14 independent observations of aerobic biodegradation of an individual micropollutant, 283 
along with associated environmental parameters (e.g., organic carbon content of soil). Therefore, 284 
we examined our dataset to identify those individual micropollutants for which we had more than 285 
14 independent observations of R% and defined these as “seed” micropollutants. The seed 286 
micropollutants were ibuprofen (n=34), naproxen (n=30), sulfamethoxazole (n=26), 287 
acetaminophen (n=25), mefenamic acid (n=20), diclofenac (n=19), trimethoprim (n=17). We 288 
performed a GAM and stepwise regression on R% as a response variable with the six process 289 
parameters as predictor variables for each of the ten imputed datasets for each of the seed 290 
micropollutants. Robust models were generated for trimethoprim and mefenamic acid which 291 
exhibited adjusted R2 values of 0.49-0.51 and 0.89-0.99, respectively. The remaining seed 292 
micropollutants exhibited wider ranges of adjusted R2 values, including very low adjusted R2 293 
values. We attribute these inferior results to the rather narrow ranges of reported R% values for 294 
those micropollutants or at least one relatively poor imputation. Nevertheless, the adjusted R2 295 
value for the best imputation among the seed micropollutants is relatively high (compared to the 296 
full dataset provided in Figure 2), except for diclofenac (0.08). The poor performance of the 297 
models for diclofenac could be the result of limited data or because the important factors driving 298 
the R% are not included among our predictors.    299 
3.4 Evaluating R% values among micropollutant clusters 300 
To test the hypothesis that accurate and robust predictions of micropollutant removal 301 
during wastewater treatment can be achieved for micropollutants that undergo the same types of 302 
enzyme-catalyzed biotransformations, we located each of the seed micropollutants in the 303 
dendrogram provided in Figure 3 and built micropollutant clusters based on each localized “leaf” 304 
in the dendrogram. We defined a leaf as a cluster of micropollutants that contains at least one 305 
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seed micropollutant and within which all micropollutants are connected at a height of less than 5 306 
(arbitrary units) in the dendrogram. We identified six micropollutant clusters in this way. The six 307 
micropollutant clusters contain 15 micropollutants and 207 independent observations, which 308 
covers 39% of our complete dataset. 309 
The acetaminophen (ACE) cluster includes acetaminophen and SMX-acetate which both 310 
reportedly undergo amide hydrolysis (btrule 67) during activated sludge treatment.30 Although 311 
bezafibrate clustered outside of the ACE leaf, we evaluated the ACE cluster with and without 312 
bezafibrate because it is also known to undergo amide hydrolysis during activated sludge 313 
treatment.54 The sulfamethoxazole (SMX) cluster includes sulfamethazine, sulfadiazine, 314 
sulfamethoxazole, and sulfamerazine, all of which contain a sulfonamide functional group and 315 
all were reported to undergo sulfonamide hydrolysis (btrule 144) in activated sludge, which is 316 
consistent with observations in experiments with bacteria isolated from activated sludge.55–57 317 
Diclofenac (DCL) and mefenamic acid form their own cluster; these two micropollutants are the 318 
only micropollutants in the database that contain a 1-amino-2-unsubstituted aromatic which is 319 
what drives the clustering. The Eawag-PPS predicts dihydroxylation of the unsubstituted 320 
aromatic and cleavage of the amino group (btrule 65). This biotransformation was reported for 321 
diclofenac in activated sludge,58 though, to the best of our knowledge, no biotransformation 322 
pathway has been reported for mefenamic acid. Nevertheless, the similar structures of DCL and 323 
mefenamic acid suggest similar biotransformation pathways. The naproxen (NPX) cluster 324 
includes sulfamonomethoxine, and the clustering is driven by the shared presence of a methyl-325 
substituted ether group. Ether demethylation (btrule 23) is a known biotransformation pathway 326 
for naproxen during wastewater treatment.59,60 No known biotransformation of 327 
sulfamonomethoxine has been reported in activated sludge, though one could anticipate 328 
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sulfonamide hydrolysis (btrule 144) or ether demethylation (btrule 23) as likely 329 
biotransformations. The trimethoprim (TRI) cluster contains tris(2-chloroethyl)phosphate and 4-330 
isobutylacetophenone; all three micropollutants exclusively contain secondary aliphatic carbons 331 
that can be oxidized to alcohols (btrule 241), which is the feature that drives their clustering. 332 
Hydroxylation products have been reported for trimethoprim and tris(2-333 
chloroethyl)phosphate,61,62 though no literature was identified on the biotransformation of 4-334 
isobutylacetophenone. Finally, ibuprofen (IBP) was clustered exclusively with lilial. These 335 
micropollutants exclusively contain primary or secondary carbons adjacent to unsaturated 336 
carbons (btrule 333, btrule 242), and hydroxylation of those functional groups has been reported 337 
for ibuprofen.59  338 
Based on this review of predicted and observed biotransformations among these 15 339 
micropollutants (16 when bezafibrate is included, and 221 independent observations), it is 340 
reasonable to expect that R% within each of the six micropollutant clusters is determined by the 341 
same set of predictors. We performed a GAM and stepwise regression on R% as a response 342 
variable with six physicochemical properties and six process parameters as predictor variables 343 
for each of the ten imputed datasets for each of the micropollutant clusters. The range of adjusted 344 
R2 values among the ten imputed datasets for each cluster is provided in Table 1. Prediction 345 
plots for the imputed dataset for each cluster that yielded the highest adjusted R2 value are 346 
presented in Figure S5. The ranges of the adjusted R2 values for the micropollutant clusters were 347 
generally tighter compared to the ranges for the seed micropollutants, which suggests more 348 
robust regression results from the imputations for micropollutant clusters than seed 349 
micropollutants. Figure S5 also demonstrates that each cluster yielded a greatly improved 350 
performance of GAM and stepwise predictions compared to the full dataset (Figure 2), which 351 
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indicates that the variability in R% among the micropollutants can be better explained by a 352 
similar set of physicochemical properties and process parameters. The model developed for the 353 
ACE+BEZ cluster (adjusted R2 range 0.59-0.75) exhibited improved performance compared to 354 
the ACE cluster (adjusted R2 range 0.25-0.52). This suggests that micropollutants that are known 355 
to undergo the same initial biotransformation are best clustered together, and shows that our 356 
prediction-based approach to micropollutant clustering can lead to some inaccuracies when other 357 
functional groups are present in the micropollutant. Based on this improved performance, we 358 
only consider the ACE+BEZ in our downstream analyses. Finally, it is notable that the model 359 
developed for the SMX cluster exhibited the poorest performance. This could be explained by 360 
alternative pathways being expressed under different conditions; it has been reported that some 361 
sulfonamide antibiotics can undergo a series of hydrolysis, oxidation, and decarboxylation 362 
reactions as part of the pterin-conjugate pathway.57  363 
3.5 Stability selection and identification of important physicochemical properties 364 
We then implemented a stability selection workflow to identify the key physicochemical 365 
properties and process parameters that determine the R% in each of the six micropollutant 366 
clusters. The importance of each predictor for determining the R% of micropollutants and the 367 
averaged adjusted R2 values resulting from stability selection are provided in Table 1. 368 
Importantly, we found that S, charge, and HLC were never selected into well-performing models, 369 
which suggests that these physicochemical properties are not important in differentiating the 370 
variable R% among micropollutants in each of the clusters; this is not surprising considering that 371 
the micropollutants contained in each of the clusters are structurally similar and have similar 372 
values for these properties. Nevertheless, Kd, MW, and Kow were selected into well-performing 373 
models for at least one micropollutant cluster. To further evaluate the ways in which each 374 
18 
 
predictor contributes to the variability in R% values for each micropollutant cluster, we provide 375 
the GAM stepwise shape functions in Figure 4. 376 
 Kd values were selected as an important predictor in at least 40% of the well-performing 377 
models for all micropollutant clusters except the TRI cluster. This is a particularly interesting 378 
finding because we only included those micropollutants with Kd values less than 500 L·kg
-1 in 379 
our analysis as a means to isolate biotransformation as the dominant removal mechanism.35,36 380 
Our results suggest that the role that Kd plays in determining R% among micropollutants in each 381 
cluster is not so clear. For example, micropollutants in the ACE+BEZ, DCL, and NAP clusters 382 
exhibit a positive association between Kd values and R%. This could be explained by increased 383 
adsorption to sludge flocs for micropollutants with higher Kd values, despite our selection 384 
criterion that excluded micropollutants with Kd values greater than 500 L·kg
-1.63–65 This 385 
interpretation would suggest that our selected Kd threshold was not conservative enough to fully 386 
isolate biotransformation as the sole removal process; indeed other studies have suggested a 387 
more appropriate threshold could be as low as 300 L·kg-1.66  Conversely, the IBP and SMX 388 
clusters exhibit a negative association between Kd values and R%. Others have also reported a 389 
similarly counterintuitive relationship between Koc values and R%.
9 It is not clear why a negative 390 
association would exist between Kd values and R%, though it must be noted that the shape 391 
function for Kd in the IBP cluster is driven by a single value, which may bias the result.  392 
MW was selected as an important predictor in at least 50% of the well-performing models 393 
for the ACE+BEZ and TRI clusters. The shape functions in Figure 4 show a negative association 394 
between MW and R% which agrees with our expectation that larger molecules are more difficult 395 
to biotransform due to uptake limitations.3 The micropollutants in the ACE+BEZ and TRI 396 
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clusters exhibit the largest differences in MW among the clusters, which could explain why MW 397 
was only selected as an important predictor for those clusters.  398 
Finally, Kow is selected as an important physicochemical property in differentiating R% in 399 
18% of the well-performing models for the SMX cluster. However, the association between Kow 400 
and R% in the shape function is not strong, so Kow is not generally considered important in 401 
determining the R% of micropollutants included in this study.  402 
3.6 Stability selection and identification of important process parameters 403 
With respect to process parameters, we again see that most (if not all) are important in 404 
explaining the variability in R% among the micropollutants in each cluster. The size of the 405 
population that the plant serves (P) and the flow rate (Q) reflect information about the size of the 406 
WWTPs. Generally, increasing flow rate increases substrate loading and may increase 407 
biodiversity of the active biomass, resulting in a broader range of metabolic activity.30 P and/or 408 
Q were selected as important predictors for all micropollutant clusters. The shape functions for P 409 
and Q provided in Figure 4 generally exhibit a weak association with R%. The major exceptions 410 
are a positive association with P and Q for the IBP cluster and a negative association with P for 411 
the ACE+BEZ cluster. These findings suggest that substrate loading can have variable effects on 412 
the types of biotransformations performed during activated sludge treatment.  413 
HRT measures the time available for biodegradation to occur in the reactor; an increased 414 
HRT is generally expected to increase the R% of micropollutants that are moderately 415 
biodegradable and have low sorption potential.67 However, literature also reported that the 416 
relationship between HRT and R% is not always clear and negative associations between HRT 417 
and R% have been reported.68,69 HRT was selected as an important predictor for all of the 418 
micropollutant clusters, and the shape functions provided in Figure 4 show increasing HRT has 419 
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a positive influence on SMX, DCL, TRI, and IBP clusters, but negative influence on ACE+BEZ 420 
and NPX clusters. This finding agrees with previous observations and suggests that the ways in 421 
which HRT influences R% is dependent on the biotransformation. 422 
SRT is a measure of the mean residence time of microorganisms in the reactor, and 423 
corresponds to the growth rate of microorganisms. High SRT allows for enrichment of slow-424 
growing microorganisms that can increase the functional diversity of the microbial 425 
community.70,71 Higher SRT generally enhances biodegradation of typically moderately 426 
biodegradable micropollutants.3,67 The strong positive associations between SRT and R% for the 427 
ACE+BEZ, TRI, and IBP clusters presented in Figure 4 are consistent with this expectation and 428 
with literature. For example, a higher SRT allows for the growth of nitrifying bacteria which was 429 
reported to increase trimethoprim removal during activated sludge treatment.72 However, it has 430 
also been reported that the effect of an increase in SRT is not always clear and may vary 431 
significantly depending on the tested compounds.21,66,68 We observed a weak association between 432 
SRT and R% for micropollutants in the SMX and DCL clusters, and even a strong negative 433 
association between SRT and R% for micropollutants in the NAP cluster. Previous studies have 434 
also reported weak or negative associations between SRT and removal of sulfamethoxazole, 435 
diclofenac, and naproxen10,21,58,73 which supports our findings. 436 
Cinf is always selected as an important predictor as initial concentrations of certain 437 
micropollutants could affect biodegradation rates and initial transformation pathways. The shape 438 
functions provided in Figure 4 generally show a positive or weak association between Cinf  and 439 
R%. This finding agrees with literature that shows that higher concentrations of micropollutants 440 
can result in greater removal.74 The major exception is the TRI cluster, which exhibits a strong 441 
negative association between Cinf and R%. Higher trimethoprim concentrations have been shown 442 
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to decrease trimethoprim biodegradation and lead to hydroxylation as the dominant initial 443 
biotransformation pathway, while lower trimethoprim initial concentrations resulted in 444 
alternative pathways being expressed.61 The negative association exhibited among 445 
micropollutants in the TRI cluster could be explained by a change in initial biotransformation at 446 
varying concentrations.  447 
NDN is a measure of the dissolved oxygen levels in the reactor. Dissolved oxygen levels 448 
impact the physiology of the microorganisms involved in micropollutant biotransformation and 449 
can play a pivotal role in controlling the biodegradation rate of certain micropollutants.75 Aerobic 450 
biotransformation could be limited by oxygen availability, thereby reducing micropollutant 451 
biodegradation rates.75 NDN was found to be an important predictor for the SMX, TRI, and IBP 452 
clusters. The shape functions in Figure 4 show that oxygen levels have a positive association 453 
with R% for the SMX and TRI clusters, as suggested by the literature. However, a negative 454 
association between oxygen levels and R% was noted for the IBP cluster. This finding suggests 455 
that both aerobic and anoxic metabolisms may be important for micropollutants in the IBP 456 
cluster which allows for other possible biodegradation pathways to occur simultaneously.75 457 
4. CONCLUSIONS 458 
This study aimed to identify the drivers of micropollutant removal in WWTPs. We 459 
hypothesized that accurate and robust predictions of micropollutant removal during wastewater 460 
treatment can be achieved only by isolating specific removal mechanisms and exploring them 461 
independently for groups of micropollutants that are likely to undergo the same types of enzyme-462 
catalyzed biotransformations. Indeed, our results suggest that clustering micropollutants based on 463 
their initial biotransformations can lead to improved prediction of micropollutant removal during 464 
activated sludge treatment. We believe that the same approach of clustering micropollutants 465 
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based on their predicted initial biotransformations should also have broad utility in exploring the 466 
drivers of micropollutant biotransformations in other environmental systems. 467 
Further, the results of our stability selection approach provide novel insights on the types 468 
of biotransformations performed by wastewater microbial communities and the factors that 469 
influence those biotransformations. We found that Kd and MW were the most important 470 
physicochemical properties and SRT, Cinf, and NDN were the most significant process parameters 471 
that determine the variability in R% values among micropollutants that undergo the same types 472 
of biotransformations. Importantly, the ways in which each of these predictors contributes to the 473 
observed variability of R% is different among the micropollutants clusters. This suggests that 474 
process modifications that target the enhanced removal of certain micropollutants might further 475 
inhibit the removal of other micropollutants. Future studies are needed that couple process-level 476 
observations to changes in microbial community structure to further clarify the mechanisms that 477 
support these observations.  478 
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LIST OF FIGURES  484 
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Figure 1. Boxplots of removal efficiency (R%) for selected micropollutants with more than four 486 
independent observations. SMX is sulfamethoxazole; SMX-acetate is N4-487 
Acetylsulfamethoxazole; NSML is N-Nitrosodimethylamine; NSPP is N-Nitrosopiperidine; 488 









Figure 2. Comparison of experimental removal efficiency and predicted removal efficiency of 496 
the complete dataset with 84 micropollutants (n=529) using GAM and stepwise modeling.  497 
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  498 
 499 
Figure 3. Hierarchical clustering of micropollutants based on their predicted initial 500 
biotransformation reactions using prediction method (1) relative reasoning, neutral likelihood 501 
cutoff in Eawag-PPS. The dendrogram was cut at height equaled 20 and yielded 12 major 502 
clusters. SMX is sulfamethoxazole; SMX-acetate is N4-Acetylsulfamethoxazole; NSML is N-503 
Nitrosodimethylamine; NSPP is N-Nitrosopiperidine; NSMP is N-Nitrosomorpholine; NNSDT 504 
is Nitrosodiethylamine. 505 




Figure 4. GAM stepwise shape functions describing the relationships between micropollutants 508 
removal efficiencies and each of the predictor variables in the final models for each cluster. The 509 
vertical axes indicate the contribution of each variable to the value of R%. Points represent 510 
collected data and partial residuals. Solid line represents the model fit, and dotted line represent 511 
confidence intervals of ±1 standard error. 512 




Table 1. Stability selection for the micropollutant clusters.  515 
ACE + BEZ SMX DCL NAP TRI IBP 




 0.59-0.75 0.09-0.15 0.39-0.47 0.32-0.69 0.33-0.54 0.25-0.52 
b
avg adj R
2 0.71 0.35 0.58 0.65 0.73 0.73 
Kd 98
c 46 98 45 NA 50 
MW 58 NA NA NA 52 NA 
Kow NA 18 NA NA NA NA 
P 56 57 76 83 91 83 
Q 50 41 28 75 NA 94 
HRT 73 44 66 81 83 88 
SRT 69 43 78 77 78 82 
Cinf 90 49 69 74 84 69 
NDN NA 57 NA NA 68 93 
aRange of adjusted R2 from GAM stepwise for the ten imputed datasets; bAverage adjusted R2 among all 10,000 516 
models resulting from stability selection and VIF analysis; cFrequency (%) at which each physicochemical property 517 
and process parameter were selected into all 10,000 models at a significance level of <0.01; NA indicates the 518 
parameter was not included in final model resulting from stability selection and VIF analysis. 519 
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